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ABSTRACT 
 Foodborne illness is a major cause of disease in the United States. Although 
outbreak-associated foodborne illness represents a small proportion of the overall burden, 
outbreaks provide critical information on food-pathogen pairs causing illnesses and 
factors contributing to food contamination. Epidemiologic tools can improve hypothesis-
generation during an investigation; thus, increasing the likelihood of identifying the 
causative agent and implicated food item. The aims of this study were to systematically 
identify demographic and outbreak characteristics predictive of food sources and develop 
a predictive model for public health professionals during a foodborne outbreak 
investigation.  
 Case demographic and outbreak characteristics were compared by food source in 
Shiga toxin-producing Escherichia coli (STEC) simple food outbreaks reported to the 
Centers for Disease Control and Prevention (CDC) from 1998-2013. Factors were 
compared univariately using parametric and non-parametric tests, as appropriate. 
Candidate predictors included gender, age, number of ill cases, percent hospitalized, 
multistate exposure, exposure setting, season, and outbreak duration. Multinomial logistic 
regression was used to build a prediction model. The model was validated using 2013 
outbreak data and complex food outbreaks from 1998-2013 where the complex food 
could be classify into a ―likely‖ food source category. 
 iv 
 There were 179 STEC outbreak reported to CDC from 1998-2012 where the 
implicated food was beef (66%), dairy (14%) or leafy vegetable (20%). The final 
prediction model included gender, age, ill cases, multistate exposure, exposure setting, 
and season. The model correctly classified 79% of outbreaks in the derivation set (88% 
beef; 48% dairy; 97% leafy greens). Of 14 outbreaks in 2013 and 33 complex food 
outbreaks, 56% and 55% were classified correctly, respectively. All (100%) 2013 
outbreaks and 90% of complex food outbreaks were correctly classified by the model‘s 
second choice.  
 In conclusion, case demographic and outbreak characteristics differ by food 
source. Public health professionals can use the descriptive profiles, univariate 
comparisons, and prediction rule developed here during hypothesis-generation in a 
foodborne outbreak investigation to improve efficiency and complement existing 
methods. Using STEC outbreaks as an example, this study demonstrates the feasibility of 
using prior outbreak data to develop a food source prediction rule to exclude food 
sources.  
The form and content of this abstract are approved. I recommend its publication. 
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CHAPTER I  
BACKGROUND 
Introduction 
Foodborne disease is a major public health challenge. Despite advances in food 
safety regulation, technology, and education, foodborne illness persists, and by some 
accounts may be increasing
1,2
. Globalization and industrialization of the food industry, 
emerging pathogens, antimicrobial resistance, food technology, and bioterrorism 
necessitate rapid identification of persistent and novel food safety threats
3–5
. 
In the United States, foodborne illness causes an estimated 48 million illnesses, 
128,000 hospitalizations, and 3,000 deaths annually
6
. Foodborne disease includes many 
pathogens and diseases that can be transmitted through food and other routes. The clinical 
symptoms are usually gastrointestinal, with vomiting or diarrhea
5
. Pathogens most 
commonly associated with foodborne illness include norovirus, Salmonella, Clostridium 
perfringens, and Campylobacter. Pathogens associated with the highest number of 
hospitalizations include Salmonella, norovirus, Campylobacter, and Toxoplasma gondii. 
Pathogens associated with the highest number of deaths include Salmonella, T. gondii, 
Listeria monocytogenes, and norovirus
7
. The annual costs of foodborne illness caused by 




Foodborne Illness Outbreaks 
Detecting Foodborne Outbreaks   
The Centers for Disease Control and Prevention (CDC) defines a foodborne 
illness outbreak as an incident in which two or more persons experience a similar illness 
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after ingestion of a common food
9
. From 2009 to 2010, 1,527 foodborne outbreaks were 
identified and reported to the CDC. These outbreaks resulted in 29,444 illnesses, 1,184 
hospitalizations, and 23 deaths
10
.  
In the United States, outbreaks are investigated at an average annual rate of 4.2 
outbreaks per one million population
11
. The number of outbreaks investigated varies by 
state. Oregon and Minnesota report the highest number of foodborne outbreaks (9 and 8 
outbreaks per one million population per year, respectively), while 14 states report only 
one outbreak of foodborne illness per one million population per year. Higher reporting 
rates indicates a state is more successful at reporting outbreaks, as the lack of outbreaks 
reported is not considered to indicate a lower prevalence of outbreaks
12
. 
Foodborne outbreaks are detected in two major ways: foodborne illness complaint 
or notification ‗systems‘ and surveillance through notifiable disease reporting. Complaint 
calls to local and state health departments is an essential detection method, with an 
estimated 70% of outbreaks identified this way
13
. Detection occurs when a member of a 
community calls a local health department to report illness. Local health departments 
receive calls from an ill individual, a clinician observing a cluster of similar illness, or a 
group of individuals experiencing illness after a common event or meal. Calls are 




Detecting illness from foodborne illness complaint or notification ‗systems‘ has 
several strengths. Outbreaks reported this way are usually detected quickly, and a 
common exposure may be obvious if reported by a group. Since detection is not 
dependent on laboratory diagnosis, complaint calls can detect outbreaks from any cause, 
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whether the etiology is known or not. Complaint calls are limited in that they do not 
typically recognize widespread, low-level contamination; reports may or may not be 
foodborne and may be reported by lay individuals without clinical symptom knowledge; 
misclassification is more likely without laboratory testing; and the system may only be 
accurate for pathogens with short incubation periods
15
.  
Foodborne outbreaks may also be detected by routine surveillance systems for 
notifiable diseases. Outbreaks are detected when public health official observe an 
increase in cases over what would be expected for given time and place. The clinical lab 
diagnosing the foodborne pathogens sends the specimen to the public health laboratory, 
where it is tested for additional subtyping. Subtype information can help with outbreak 
detection and is entered into state and national databases. For example, pathogens may be 
subtyped by pulsed-field gel electrophoresis (PFGE) and entered into the PulseNet 
database. It is through this PulseNet system in particular that more dispersed outbreaks 
are identified based on cases with similar molecular subtypes
16
.  
Pathogen-specific surveillance is advantageous because cases are connected by a 
common etiology when no other common exposures are apparent. However, this system 
is only effective when pathogens are routinely tested and are notifiable diseases. Due to 
the many required steps and time delays between steps, including incubation period and 
the laboratory testing time, it is slow to identify an outbreak
15
. 
In order for individual cases of foodborne illness to be identified by a health 
department, then recognized to be part of an outbreak, there are a series of steps that must 
occur. After an individual is exposed to an enteric pathogen and becomes ill, the steps 
that must occur include: the individual seeks care; a physician collects a specimen and 
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sends the specimen to a clinical laboratory; the specimen is tested and a positive test is 
confirmed; and the case is reported to the health department. The number of cases that are 
reported to the health department is much smaller than the total number of ill cases
3
. 
Many factors may affect each of these steps, including access to care, age, and severity of 
disease
17
. Individual cases may be identified and reported, but an outbreak may not be 
recognized, or an outbreak may not be investigated. The number of reported outbreaks 
peaked at the same time that federal funding for emergency preparedness was at its 




Although outbreak-associated foodborne illness represents a small proportion of 
the overall burden of disease, outbreaks provide critical information on the foods causing 
most illnesses and the factors contributing to food contamination. The purpose of 
outbreak investigations is to mitigate illness in the current outbreak and identify factors to 
intervene on and prevent future illness and outbreaks
19
. Even if the current outbreak is 




 The goal of an outbreak investigation is to judiciously determine etiology, food 
vehicle, and contributing factors. Once the existence of an outbreak has been established, 
the objective is to determine etiology and food vehicles by identifying and describing 
cases; developing hypotheses; and testing hypotheses using epidemiological methods. 
The sooner investigators determine the cause of an outbreak, the sooner they can 




Causative Agents and Food Vehicles in Outbreaks 
Common Pathogens 
From 1998-2008, eight agents caused 89% of confirmed, single-etiology 
outbreaks: norovirus, Salmonella, STEC, scrombroid toxin/histamine, Clostridium 
perfringens, Staphylococcus enterotoxin, ciguatoxin, and Campylobacter jejuni. The most 




Norovirus was the most common cause of foodborne outbreaks, causing 43% of 
outbreaks, 37% of outbreak-associated illness, 11% of outbreak-associated 
hospitalizations, and 3% of outbreak-associated deaths
11
. The incubation period is 
typically around 48 hours, symptoms include vomiting and diarrhea, and illness duration 
is usually short (1 to 3 days). Transmission occurs through fecal-oral route or by 
aerosolized viral particles in vomitus. Children under 2 years of age, persons over 65 
years of age, and immunocompromised persons are at greater risk for norovirus. 
Outbreaks typically occur in close living quarters or common dining facilities, including 
healthcare settings, schools, military, and cruise ships
20
. Norovirus outbreaks are more 
likely to occur in the winter months
21
. The most commonly implicated food source for 
norovirus was leafy vegetables (32% of outbreaks), followed by fruits/nuts (17%) and 
mollusks (13%).  
 Salmonella is the leading cause of outbreak-associated hospitalizations and 
deaths. From 1998-2010, Salmonella was the reported etiology in 18% of outbreaks and 
accounted for 19% of outbreak-associated illnesses, 44% of hospitalizations, and 30% of 
deaths. Salmonella was identified as the etiology in 53% of multistate outbreaks. The 
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most common Salmonella serotypes were Enteritidis, Typhimurium, Heidelberg, and 
Newport. The most commonly implicated food source was poultry (30% of outbreaks) 
and eggs (24%), though the number of egg outbreaks declined significantly from 1998-
1999 (33%) to 2006-2008 (15%)
11
.  
 STEC is the second leading cause of outbreak-associated hospitalizations and 
third leading cause of outbreak-associated deaths. From 1998-2010, STEC was the 
reported etiology in 4% of outbreaks and accounted for 3% of outbreak-associated 
illness, 16% of outbreak-associated hospitalizations, and 11% of outbreak-associated 
deaths. STEC is identified as the etiology in 29% of multistate outbreaks 
11
. O157:H7 is 
the most common STEC serotype. However, non-O157:H7 serotypes have been 
associated with foodborne illness outbreaks. The most common non-O157:H7 serotypes 
are O26, O111, O103, O121, O45, and O145. Although the non-O157:H7 serogroup can 
also cause serious illness, much less is known about this group because of limitations in 
laboratory diagnostics and surveillance
22,23
. Clinical symptoms of STEC infection include 
stomach cramps, diarrhea (often bloody), vomiting, and occasionally a mild fever. The 
incubation period is typically between 1 and 10 days, and the duration of illness is 
between 5 and 10 days. Sometimes there is a mild fever. The pathogen is spread via the 
fecal-oral route. The host animal is cattle and other ruminants. Infection can be 
transmitted via contaminated food, contaminated water, animal contact, and person-to-
person
23
. The most commonly implicated food source for STEC was beef (58% of 
outbreaks) and leafy vegetables (17%)
11
. 
Scombroid toxin/histamine accounted for 5% of outbreaks and ciguatoxin 
accounted for 3% of outbreaks
11
. Both toxins occur after consumption of fish. From 
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2000-2007, there were an average of 15 ciguatera and 28 scombroid fish-poisoning 
outbreaks annually, with a respective average of 60 and 108 ill cases
24
. Ciguatera causes 
gastrointestinal, neurological, and cardiovascular symptoms, including nausea, vomiting, 
diarrhea, cramps, excessive sweating, headache, and muscle aches. The incubation period 
ranges from minutes to 30 hours and symptoms last for 1 to 4 weeks. Scrobrotoxic fish 
poisoning causes rash, diarrhea, flushing, sweating, headache, vomiting, burning or 
swelling of the mouth, abdominal pain, and metallic taste. Symptoms begin within 2 
minutes to 2 hours after exposure and last for several hours
25
.  
Clostridium perfringens accounted for 5% of foodborne outbreaks from 1998-
2008
11
. Persons infected with C. perfringens experience diarrhea and abdominal cramps. 
The incubation period is 6 to 24 hours and duration is less than 24 hours. Outbreaks are 
often associated with cooking large amounts of foods. C. perfringens spores can grow 
rapidly at a range of temperatures, so proper cooling or reheating is an important step to 
killing the bacteria
26,27
. The most commonly implicated food source was beef (41% of 
outbreaks), poultry (30%), and pork (16%)
11
.  
Staphylococcus enterotoxin accounted for 3% of foodborne outbreaks from 1998-
2008
11
. The incubation period is 30 minutes to 6 hours and duration is between 1 and 3 
days. Symptoms include nausea, vomiting, stomach cramps, and diarrhea. The bacterium 
grows in foods, where it multiples and produces toxin which causes illness. The toxin 




Campylobacter jejuni accounted for 2% of foodborne outbreaks from 1998- 
2008
11
. It is transmitted by contaminated foods, water, and animal contact. It is most 
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often associated with undercooked chicken, foods contaminated by raw chicken, 
contaminated drinking water, or unpasteurized milk. The incubation period is between 2 
to 5 days with a range of 1 to 10 days. Symptoms included diarrhea (frequently bloody), 
abdominal pain, fever, and occasionally nausea and vomiting. The most commonly 
implicated food source was dairy (30% of outbreaks) and poultry (11%)
11
. 
Challenges in Determining Etiology 
An outbreak may be investigated, but either the etiology or food source cannot be 
determined. In a FoodNet site outbreak report, 40% of outbreaks did not confirm an 
etiology, and 68% did not confirm a food vehicle. There are a number of factors related 
to whether an investigation identifies a pathogen or food vehicle. Determining outbreak 
sources depends on the number of stool specimens collected, the type of study (cohort or 
case-control as opposed to other methods), and the number of cases in the outbreak
28
. 
Determining both etiology and food source may require sensitive surveillance, a timely 
investigation, an epidemiologic study, current lab techniques, and staffing
29
. Determining 
the etiology and food source may also be dependent on the characteristics of the pathogen 
and food. Laboratory testing is not routinely performed for all foodborne pathogens, and 
testing is not available or is very expensive for many pathogens. If the incubation period 
for a pathogen is longer, then food source information will be more difficult for cases to 
recall and subject to bias
30
.  
Outbreak etiology is difficult to discern because of the similarities in clinical 
characteristics of enteric pathogens. The percentage of outbreaks with a confirmed or 
suspected etiology increased from 1998-2002 from 40% to 67%, primarily due to 
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Limitations in determining etiology have encouraged the use of clinical prediction 
profiles in outbreak investigations. Etiology is often undetermined in outbreaks, usually 
due to inadequate specimens or specimens were negative for common pathogens. The 
goal of clinico-epidemiologic profiling in outbreak investigations is to guide an 
investigation and initiate early control measures before laboratory testing is available. 
Prediction rules in outbreaks can guide outbreaks and control measures, direct laboratory 
testing, and detect emerging pathogens
31
.  
Hall, et al, developed a two-step epidemiologic profile to identify pathogen 
‗syndromes‘. They used outbreaks between 1982 and 1989 reported to CDC and created a 
profile for eight pathogens based on the interquartile ranges of incubation, duration, 
percentage of cases reporting vomiting, percentage reporting fever, percentage reporting 
diarrhea, percentage reporting cramps, and vomit to fever ratio. They characterized five 
pathogenic ‗syndromes‘ and applied the program to correctly classify 72% of outbreaks
31
.  
Clinical profiles have been developed further to identify contributing factors 
during an outbreak. Pathogens grow differently in the environment, and early detection of 
the etiology can guide environmental assessments. Hedberg, et al, used Hall‘s two-step 
profile approach and compared rates of contributing factors (including improper storage 
or handling temperature, inadequate cooking, contaminated equipment, poor personal 
hygiene of a food handler, and food obtained from an unsafe source) in outbreaks with 
known etiology to outbreaks with a profile-assigned etiology. When applied to outbreaks 
reported to CDC from 1982-1997, their clinical profile had a 94% to 98% specificity and 
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70% to 87% sensitivity, depending on the etiologic syndrome category. They found that 
contributing factors were similar between known and assigned etiology, indicating that 
the clinical profile is a useful tool to predict both the outbreak etiology and potential 
contributing factors associated with the profile-assigned etiology
32
. 
Profiles are commonly used to diagnosis norovirus in the absence of laboratory 
testing. Kaplan‘s criteria are the standard set of clinical and epidemiological measures 
applied to outbreaks where norovirus is suspected. The criteria include vomiting in 
greater than 50% of outbreak cases; mean (or median) incubation period of 24 to 48 
hours; a mean (or median) duration of illness of 12 to 60 hours; and absence of bacterial 
specimen identified
33
. Other criteria include a fever-to-vomiting ratio and diarrhea-to-
vomiting ratio relative to bacterial etiologies. Researchers applied Kaplan‘s criteria, its 
components (e.g., vomiting, duration of illness, and incubation period), and ratio criteria 
to outbreaks reported from 1998-2000. They found that the Kaplan criteria had the 
highest specificity (98.6%) but the lowest sensitivity (68%) of the tests. Diarrhea-to-
vomiting ratio had the highest sensitivity (97%) and lowest specificity (45%)
34
.  
Challenges in Determining Food Vehicle 
Identification of a food vehicle during an outbreak investigation is an important 
step to prevention of additional illnesses during the outbreak, if the contaminated food or 
food practice is continual. Food source identification is also important to prevent future 
contamination. Identifying the food source and contributing factors that led to 
contamination of the food can prevent future illness. 
Baseline profiles characterized by food vehicle can be used for outbreak detection 
thresholds; to provide a reference for anomalous outbreak characteristics; and to use in 
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prediction modeling and risk mitigation. Baseline profiles can direct an investigation and 
can flag intentional outbreaks. If the baseline profile is established, epidemiologically 
anomalous outbreaks can be flagged for intentional contamination. Newkirk, et al, 
developed a milkborne disease outbreak profile specifically to identify sources of 
intentional contamination. They used outbreak data from 1990-2006 to characterize 




From 1998-2008, a food vehicle was undetermined in 42% of reported foodborne 
outbreaks. While the number of investigations with an unidentified etiology has 
decreased, the number of investigations that could not identify a food vehicle increased 
from 37% in 1998 to 57% in 2009
10,11
. 
Factors Associated with Food Vehicles 
Investigators often used previous outbreaks, food consumption patterns, and 
surveys of food safety practices to hypothesize potential food vehicles in an outbreak for 
a given set of case demographic and outbreak characteristics. Given that certain 
pathogens can proliferate only in specific environments, pathogens are often associated 
with specific foods related to those foods‘ growing, processing, preparation, and storage 
practices. Previous literature has found that food consumption and food safety knowledge 
and practices differ across demographic characteristics, including gender, age, ethnicity, 
and socio-economic status.  Seasonal and geographical differences in food vehicles have 





Knowing the outbreak etiology can be the most important step in determining the 
food vehicle. Pathogens grow in specific environments that may be associated the way 
specific food is processed or prepared. For example, C. perfringens is associated with 
foods prepared in advance, particularly meat sauces and gravies
27
. Additionally, 
pathogens have reservoirs in certain animals that humans consume. For example, a 
common animal reservoir for Salmonella Enteriditis is poultry
35
. 
The most common pathogen-commodity pairs in outbreaks are scrombroid 
toxin/histamine and fish; ciguatoxin and fish; Salmonella and poultry; and norovirus and 
leafy vegetables. The pairs that cause the most outbreak-assoicated illnesses are norovirus 
and leafy vegetables; Clostridium perfringens and poultry; Salmonella and vine-stalk 
vegetables; and Clostridium perfringens and beef. The pairs that cause the most 
hospitalizations are Salmonella and fruits/nuts; Salmonella and vine-stalk vegetables; 
STEC and beef; and STEC and leafy vegetables. The pairs that cause the most deaths are 
Listeria and poultry; Salmonella and fruits/nuts; and STEC and leafy vegetables. The 
most common food sources associated with norovirus are leafy vegetables, fruits/nuts, 
and mollusks. The most common foods associated with Salmonella are poultry and eggs. 
The most common foods associated with STEC are beef, leafy vegetables, and dairy
11
. 
Foods associated with Salmonella differ by serotype. Serotypes Enteritidis, Heidelberg, 
and Hadar were associated with eggs or poultry in more than 80% of outbreaks from 
1998-2008. Serotypes Javiana, Litchfield, Mbandaka, Muenchen, Poona, and Senftenberg 
were associated with plant commodities in more than 50% of outbreaks. Serotypes 





Previous studies have found differences in consumption and food safety practices 
between men and women. Shiferaw, et al, used the 2006 FoodNet Population Survey to 
assess differences in food consumption between men and women. They found that a 
higher proportion of males consumed some types of meat and poultry than females (steak 
or roast, game, and ham). A higher proportion of women reported eating fruits and 
vegetables than men. While there was no difference in consumption of ground beef and 
hamburger patties between men and women, men were more likely to consume 
undercooked hamburger (7.3% vs 3.9%, p < 0.01). A higher proportion of men than 
women reported consuming runny eggs (12.5% vs 8.3%, p<0.01) and raw oysters (1.9% 
vs 0.4%, p < 0.01). Women reported eating alfalfa sprouts more often than men (3.3% vs 
2.1%, p = 0.01). There were no differences in the reported consumption of unpasteurized 
milk or cheese
37
. Samuel, et al, also found gender differences from the 1998 FoodNet 
Population Survey. Males had 1.39 adjusted odds of eating one or more risky foods 
compared to females (adjusting for income and education). The most common risky 
foods for men were runny eggs (20.4%), pink hamburgers (8.9%), alfalfa sprouts (8.0%), 
and pink chicken (6.6%). The most common risky foods for women were runny eggs 
(15.2%), alfalfa sprouts (8.0%), pink hamburgers (5.1%), and raw apple juice/cider 
(4.4%)
38
. A meta-analysis conducted by Patil, et al, found that men reported greater 
consumption of raw or undercooked foods, worse hygiene, and less safe practices to 
prevent cross-contamination
39
. Men reported less hand-washing than women
40
.  
Samuel, et al, found that the 45 to 65 year age group was most likely to eat risky 
foods (OR 1.16, reference group ages 18-44) and ages 65 and older were least likely to 
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consume risky foods (OR 0.87, reference group ages 18-44)
38
. Young adults report the 
poorest food safety practices compared to senior adults
39
. Consumption of undercooked 
hamburger is most common among young adults (18 to 25 years).
40
 Infants and children 
have unique risk factors. Person-to-person contact and animal exposures tend to be more 
common transmission routes in young children and infants
41
. In school outbreaks, foods 
containing poultry were the most common food source, implicated in 19% of school 
outbreaks
42
. Younger children (age 2 to 11) have lower percentages of meat consumption 
and vegetable consumption than older children (aged 11 to 19, not tested for statistical 
significance). Differences between gender consumption in children become more 
pronounced in older children
43
. In a German case-control study, ruminant contact had the 
highest odds for disease for children under 3. The only food-related risk factor was raw 




Patil, et al, found that higher income individuals consumed more raw foods, had 
lower knowledge of food safety hygiene, and had worse cross-contamination practices
39
.  
Shiferaw, et al, reported from the 1996 FoodNet Survey that people with a college 
education and people with a household income of more than $100,000 per year reported 
higher consumption of undercooked hamburger
40
. In Europe, studies have found an 





Multistate outbreaks increased significantly from 9 per year in 1998 to 17 per year 
in 2008. Salmonella caused 53% of multistate outbreaks, and STEC caused 29%. 
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Multistate outbreaks account for only 1 to 2% of all outbreaks, however they are 
generally larger, have a disproportionate number of deaths and hospitalizations, and 
require more resources
11
. Foodborne outbreaks investigated at a multistate level are most 
likely detected via surveillance, as opposed to complaint-based systems. Localized 
outbreaks with a single exposure site are typically contaminated during preparation and 
served at a single setting
46
. Conversely, multistate outbreaks typically have contamination 
points farther back in the production chain. The types of foods that are prone to 
contamination at these stages may be different than the foods contaminated in a single 
restaurant, and processing and production methods become more important sources for 
contamination.  
Seasonality  
 Foodborne illness seasonal variation is related to pathogen factors and food 
characteristics. Pathogen factors include reservoirs and transmission pathways and 
pathogen-host interactions. Food characteristics including farming patterns, recreational 
activities, population mobility patterns, and changes in host susceptibility to infection. 
Foodbrone illness in general increases in summer months. Bacterial pathogens are 
sensitive to increased temperature and moisture. Warmer climate can increase pathogen 
survival and proliferation, and foods are more likely to be exposed to warmer temperature 
during warmer seasons. Seasonal variation could also be due to human factors, including 
cultural or socio-economic, lifestyle, or cyclical immunity. For example, foreign travel is 
a risk factor for enteric disease and increases during the summer. There is also evidence 




 Food consumption patterns may be different seasonally as well. For example, 
ground beef is consumed more during summer months
48
. Social patterns, food 
availability, and cost vary seasonally, which can be reflected in consumption patterns
49,50
. 
Seasonally-dependent social gatherings are associated with different pathogens. For 
example, norovirus is more common in winter and Salmonella has been associated with 




Geography may be an important factor in food source because of regional 
variation in food consumption, food safety, and climate.  People living in the U.S. 
mountain region report the highest raw ground beef and egg consumption and the worst 




Epidemiologic profiles have the potential to provide investigators with 
hypothesis-generating tools that can narrow the focus of an outbreak investigation, 
increasing the likelihood of identifying the causative pathogens and implicated food item. 
Profiling methods have been successfully implemented as a tool for identifying the 
causative pathogen based on a combination of clinical symptom information. However, 
similar profiling tools for the implicated food item are lacking and most investigators rely 
instead on anecdotal food consumption patterns and trends. For example, it is a common 
assumption that women consume more produce than men; therefore, if more women are 
ill during an outbreak of Shiga toxin-producing Escherichia coli (STEC), investigators 
may focus on produce. Conversely, if more men are ill, investigators may focus on meat 
products. It is the objective of this study to profile STEC outbreaks by food source and to 
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use rigorous analytical techniques to identify a prediction rule for food categorization 
during outbreak investigations. Additionally, there is little indication for what a threshold 
would be to consider one food commodity over another. Previous studies have researched 
associations between demographics and food consumption; temperature and foodborne 
pathogens; and risk factors associated with foodborne illness.  
Specific Aims 
 In this study, we aim to systematically identify case demographic and outbreak 
characteristics related to specified food commodities. We will use predicted probabilities 
to build an epidemiologic tool for public health professional to use during outbreak 
investigations.  
Specific Aim 1 
 The first specific aim is to describe factors predictive of specific food sources based 
on demographic and outbreak characteristics. Hypothesis 1.1: Demographic and outbreak 
characteristics differ by food source. Hypothesis 1.2: Demographic and outbreak 
characteristics can predict the implicated food group.  
Specific Aim 2 
 Based on factors identified in Aim 2, develop and validate an epidemiological food 
profiling tool for public health professionals to help direct outbreak investigations. 
Hypothesis 2.1: An epidemiological food profiling tool based on probability of food 





Foodborne disease is a major public health challenge, causing an estimated 48 
million illnesses, 128,000 hospitalizations, and 3,000 deaths annually in the United 
States
6
. Although illnesses linked to recognized foodborne outbreaks represent a fraction 
of the overall estimated number of foodborne illnesses, outbreak investigations are 
crucial to improving food safety overall. Outbreak investigations identify important 
pathogens with high risk or novel food sources and contributing factors (e.g., Shiga toxin-
producing Escherichia coli (STEC) contamination of fresh-cut produce because of plant 
tissue was wounded during preparation allowing microbes to enter). These investigations 
highlight the need for improved in food safety regulations, policies or practice, either 
directly or indirectly by directing scientific research (e.g., improved cleaning practices 
with chlorine)
3
. Because outbreak investigations have the ability to link pathogens to 
specific foods, outbreak data has been used to attribute the overall burden of foodborne 
illness to specific foods
19,52
.  
Efficiency and timeliness are crucial components of a successful outbreak 
investigation that implements effective control measures, preventing additional illness. 
Epidemiologic tools increase economic and temporal efficiency in foodborne outbreak 
investigations. Current tools include clinical profiles of pathogens, FoodNet‘s Population 
Survey, and Oregon‘s binomial probability worksheet
4,31,32,34,53–55
. These tools use 
epidemiological methods and prior knowledge to develop hypotheses during outbreak 
investigations. In addition, investigators often rely on prior knowledge about 
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demographic distributions in previous outbreaks to develop food source hypotheses. For 
example, outbreaks of Listeria in queso fresco, a Mexican-style cheese, are linked almost 
exclusively to Hispanic persons
56
. In leafy vegetable outbreaks, often the majority of 
cases are female
57
. However, there is a gap in formalizing prior knowledge with 
analytical evidence.  
The purpose of this study was to systematically identify case demographic and 
outbreak characteristics predictive of food source and to develop a predictive model that 
could be used by public health professionals during a foodborne outbreak investigation. 
STEC was selected to examine the feasibility of this hypothesis-generating tool.   
Methods 
 This study used national data on foodborne STEC outbreaks reported to the 
Center for Disease Control and Prevention (CDC) from 1998-2013 with a known, single 
food source to develop a prediction model. Foodborne STEC outbreaks with a date of 
onset in 2013 were used for primary external validation. STEC outbreaks from 1998-
2013 with a complex food source that could be categorized into a ―likely‖ food category 
were used as a secondary validation set.  
Foodborne Outbreak Data 
 Data on foodborne outbreaks from 1998-2013 were available from the CDC‘s 
Electronic Outbreak Reporting System (eFORS) and the National Outbreak Reporting 
System (NORS). eFORS collected data on foodborne and waterborne enteric disease 
outbreaks caused by bacteria, viruses, parasites and toxins from 1998-2008. In 2009, 
eFORS was replaced by NORS, which collects data on enteric disease outbreaks due to 
foodborne, waterborne, person-to-person, animal contact, environmental contamination, 
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and undetermined transmission routes. These passive surveillance systems received 
outbreak reports from all 50 states and local and territorial health agencies using a 
standard report form. Data collected include the etiology of the outbreak (known or 
suspected), reporting state, year and month of illness, symptom information (e.g., percent 
of cases with diarrhea or vomiting), demographic characteristics (e.g., gender and age), 
exposure setting (e.g., restaurant, long-term care facility, or private home), and food 
vehicle (implicated or suspect). Both surveillance systems have categorized food sources 
using the Interagency Food Safety Analytics Collaboration (IFSAC) Food Categorization 
Scheme (Figure 1). Categories are based on a taxonomic scheme of 17 mutually 
exclusive food commodities. There are 7 IFSAC levels. Levels 1, 2, and 3 are commodity 





Figure 1: Interagency Food Safety Analytics Collaboration (IFSAC) Food 
Categorization Scheme 
The IFSAC scheme incorporates biology, epidemiology, food production practices, 
regulatory structure, and pre-existing knowledge of foods that are associated with 
outbreaks. Ingredients are basic foods that do not contain any other food and are 
aggregated into commodity groups. There are 7 IFSAC levels. Levels 1, 2, and 3 are 
commodity groups and subgroups. Levels 2, 3, and 4 are ingredients, and levels 5,6, and 
7 are food-processing techniques
52,59
. The circled food commodities are the most 
common STEC outbreak food vehicles. 
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eFORS and NORS laboratory-confirmed STEC outbreaks from 1998-2013 were 
extracted by CDC on December 11, 2014 and were provided in an SQL database. 
Relational data was merged into a single dataset using SAS 9.4. STEC outbreaks 
transmitted by food with onset dates from 1998-2012 were used to describe 
characteristics by food category and build a prediction model. STEC outbreaks with a 
date of onset in 2013 were withheld for the external validation analysis. Outbreaks with 
an undetermined food vehicle (e.g., no food source identified or suspected) were 
excluded from this analysis. All analyses were performed in SAS 9.4.  
Variables 
Outcome. Outbreak food source was the outcome, as defined by IFSAC categories 
from the dataset. STEC outbreak food source frequencies were determined, and 
categories were based on the major food sources causing STEC outbreaks.,  
Predictors. Gender, age, ill cases, percent hospitalized, multistate exposure, 
exposure setting, season, and outbreak duration were candidate predictors based on 
previous literature.  
Gender was defined as the percentage of cases in the outbreak who were female. 
Age was defined as the percentage of cases in the outbreak who were aged <5 years, 5-19 
years, 20-49 years, and ≥ 50 years. Percent hospitalized was defined as the percentage of 
cases hospitalized. Percentages were calculated based on the number of cases reported for 
each category and the total number of primary cases. Deaths from STEC were rare, so 
deaths were reported descriptively but not considered in the analysis. Percent female, age 
categories, and percent hospitalized were continuous variables aggregated at the outbreak 
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level. For example, each outbreak reported the percentage female, the percentage in each 
age category, and the percentage of cases hospitalized during the outbreak.   
Multistate exposure was defined as whether the outbreak affected multiple states. 
The variable was categorical, and each outbreak was either a multistate outbreak or it was 
not a multistate outbreak.  
The exposure setting was defined as where the food vehicle was consumed. For 
the purpose of analysis, the setting was generalized into ‗retail establishment‘, ‗private 
establishment‘, and ‗facility‘. ‗Other‘, ‗unknown‘ and ‗missing‘ settings were categorized 
homogenously. The ‗retail establishment‘ category was defined as a location where a 
food worker would prepare and serve food, including restaurants (fast food, sit-down 
dining, or other); banquet facility; caterer; fair, festival, other temporary or mobile 
services; or workplace cafeteria. The ‗private establishment‘ category was defined as a 
location where a non-food worker would prepare and serve food, including private 
homes; grocery stores; workplace, not cafeteria; church, temple, religious location; or 
picnic. The ‗facility‘ category was defined as any location where a food worker would 
prepare food, but there would be limited to no selection of food options. This category 
included nursing homes, assisted living facility, or home care; hospitals; child day care 
centers; schools; prison, jail; or camp.  
Season was defined based on the onset date of the first case in the outbreak. If the 
first onset was in September, October, or November, then the season was fall. If the first 
onset was in December, January, or February, then the season was winter. If the first 
onset was in March, April, or May, then the season was spring. If the first onset was in 
June, July, or August, then the season was summer. 
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The duration of the outbreak was defined as the number of days between the date 
of onset for the first case and the last case.  
Statistical Analysis 
Univariate. STEC outbreaks were univariately analyzed to determine associations 
between food categories and candidate predictors. For continuous predictors that met 
parametric assumptions, an analysis of variance (ANOVA) test was used to compare 
differences by food categories. For non-parametric continuous predictors, a Kruskal-
Wallis test was used to compare difference by food categories. For categorical predictors, 
a 
2
 test was used. A Fisher‘s exact test was used for categorical predictors with small 
cell sizes. On the eFORS and NORS reporting forms, percentages were reported, not 
numbers. Some of the percentages did not total 100, and these were not corrected.  
Temporality. Outbreaks were categorized into three five-year time blocks (1998-
2002, 2003-2007, and 2008-2012), and predictors by food categories were compared 
across five-year time blocks to determine if associations changed over time. 
Missing Data Analysis. Incomplete data for each candidate predictor variable was 
described for each variable as well as in relation to other predictors. Chi-square tests were 
performed to determine if missingness of a predictor was significantly different between 
food categories. Variables with high percentage incomplete observations were excluded 
from model building. 
Multivariable Prediction Model. Outbreak data from 1998-2012 were used as a 
derivation dataset to develop a prediction model. To develop a multivariable prediction 
model, multinomial logistic regression was used using the glogit link function in SAS 
PROC Logistic. Candidate predictors with high proportion incomplete data (>50%) were 
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excluded. Remaining candidate predictors were included in the model if they improved 
the predictive capacity of the model, as measured by cross-validated sensitivity and 
specificity. Logarithmic transformations of skewed data were considered. If 
transformations did not improve the predictive capacity of the model, the simpler, non-
transformed variables were used.  
Trends across food categories for each predictor from type 3 analysis of effects 
based on the Wald 
2
 test were determined. Maximum likelihood estimates were 
obtained, and odds ratio estimates with 95% Wald confidence limits. The prediction 
model was assessed internally and externally using sensitivity and specificity. Internal 
validation compared observed and predicted food categorization. For each outbreak, a 
predicted probability was assessed for each food category. The predicted food category 
was determined by the highest predicted probability for each outbreak based on the 
model. Two external subsets of STEC outbreaks were used for validation. The first was 
2013 outbreak data, and the second was complex food outbreaks. Complex food 
outbreaks with ingredients that could be classified in multiple categories were excluded. 
For example, a ‗sandwich‘ could contain multiple commodities (e.g., ‗dairy‘, ‗meat-
poultry‘, ‗leafy‘, and ‗grains‘). Complex food outbreaks with ingredients that could be 
categorized as  ‗likely‘ single ingredients were categorized and used in validation. 
Results 
STEC Outbreaks 
There were 455 STEC outbreaks reported to CDC from 1998-2013. Of these, 156 
(34%) were excluded because the food source was undetermined. Of the remaining 299 
STEC outbreaks with a known food source, 216  (72%) were outbreaks with a single 
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ingredient identified and 83 (28%) were complex food outbreaks. Of the 216 outbreaks 
with a single ingredient identified, 202 outbreaks occurred from 1998-2012 and were 
used for prediction model derivation; 14 outbreaks occurred in 2013 and were withheld 
for external validation. A subset of complex foods that could be probabilistically 
categorized was used as a secondary validation set (Figure 2).  
  
 
Figure 2: Diagram of the Selection Process for Outbreak Exclusion Criteria and 
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‗Beef‘, ‗dairy‘, and ‗leafy vegetable‘ outbreak categories were used for the food 
source outcome because they were the most common food sources in the data these 
would most likely be the main food commodities an investigator would consider during 
an STEC outbreak investigation
10
. 23 ‗rare foods‘ were a heterogeneous group of 
uncommon food sources, including ‗pome‘ (7 outbreaks),  ‗melon‘ (1 outbreak), ‗small‘ 
fruit (2 outbreaks), ‗fish‘ (1 outbreak), ‗game‘ (6 outbreaks), and ‗nuts-seeds‘ (1 
outbreak) (IFSAC categories). These categories were excluded from the derivation set. 
This left a total of 179 outbreaks in the1998-2012 derivation set, including 118 beef 
outbreaks (66%), 25 dairy outbreaks (14%), and 36 leafy vegetable outbreaks (20%). In 
the 2013 outbreaks validation set, there were 14 outbreaks, including 2 beef outbreaks 
(14%), 2 dairy outbreaks (14%), and 10 leafy vegetable outbreaks (71%). From the 83 
total complex food outbreaks, 33 were used in the validation set. 13 were categorized as 
‗likely beef‘ (e.g., ‗hot dog‘) (39%), 2 as ‗likely dairy‘ (e.g., ‗ice cream‘) (6%), and 18 as 
‗likely leafy vegetables‘ (e.g., ‗lettuce-based salad‘) (55%) (Figure 2). 
Beef Outbreak Profile. From 1998-2012, there were 118 beef outbreaks involving 
510 ill people. Commoditized foods included ground beef; ground beef, hamburger; 
steak; frozen beef patties; and roast beef (Table 1). The mean ill cases per outbreak was 
17 and the median was 7.5. The median percentage ill was the same for males and 
females (50%). The highest percentage of ill cases by age group was in 5 to 19 year-olds. 
There were 3 deaths. Almost one-third (31%) were multistate. The most common 
exposure setting was in a private home (57%), followed by in a restaurant or deli (14%). 
Nearly half of beef outbreaks occurred in the summer months (Table 2).  
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Table 1: Food Commodities and Processing Methods by Outbreak Food Category 
 Food Commodity Processing  
Beef Outbreaks (%) Beef (40) 
Ground beef (36) 
Ground beef, hamburger or 
cheeseburger (19) 
Steak (4) 
Roast beef (1) 
Ground (90) 
Intact raw (10) 







Alfalfa sprouts (14) 
Spinach (8) 
Clover sprouts (3) 
 
 
Dairy Outbreak Profile. From 1998-2012, there were 25 reported dairy outbreaks 
with 1234 total cases. Commoditized foods include milk (84%) and cheese (16%); 64% 
were reported as an unpasteurized product (Table 1). The mean ill cases per outbreak was 
23 cases, and the median was 6 cases. There was no difference between median 
percentage ill between males and females. The highest median percentage ill cases was in 
the 5 to 19 years age group, followed by the <5 year age group. 12% of dairy outbreaks 
were multistate. The most common point of consumption was in a private home (72%). 
Winter was the rarest season for a dairy outbreak, and the number of outbreaks in fall, 
spring, and summer were similar (Table 2).  
Leafy-vegetables Outbreak Profile. From 1998-2012, there were 36 reported dairy 
outbreaks with 1067 total cases. Commoditized foods included lettuce, alfalfa sprouts, 
spinach, and clover sprouts (Table 1). The mean ill cases per outbreak was 32, and the 
median was 19. The median percentage female was 63%. The highest median percentage 
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of ill cases was in the 20 to 49 years age group. 58% of produce outbreaks were 
multistate. The most common point of consumption was in a restaurant or deli (47%). 
Most leafy vegetable outbreaks occurred in the fall (Table 2).  
Table 2: STEC Outbreak Predictors by Food Category in Derivation Set (1998-
2012) 
Predictor Beef Dairy Leafy P value 
Number of outbreaks 118 25 36  
Number of cases 510 1234 1067  
Gender *    0.0017 
% Female 50 (37-67) 50 (33-57) 63 (54-76)  
Age (years) *     
< 5 0 (0-14) 25 (0-57) 0 (0-4) 0.001 
5-19 33 (10-57) 50 (21-67) 27 (15-40) 0.42 
20-49 21 (0-35) 16 (0-33) 43 (20-50) 0.003 
> 50 21 (0-41) 0 (0-16) 15 (8-38) 0.02 
Cases * 7 (3-17) 6 (3-16) 19 (10-40) 0.0001 
% Hospitalized * 33 (17-63) 25 (0-60) 39 (19-50) 0.74 
Deaths, n § 3 0 0  
Multistate Exposure † 37 (31%) 3 (12%) 21 (58%) 0.0005 
Exposure Setting ‡     
Facility 11 (9%) 2 (8%) 4 (11%) <0.0001 
Private 67 (57%) 19 (76%) 6 (17%)  
Retail 21 (18%) 2 (8%) 20 (56%)  
Season †    0.0015 
Fall 17 (14%) 8 (32%) 18 (50%)  
Winter 11 (9%) 2 (8%) 4 (11%)  
Spring 35 (30%) 6 (24%) 6 (17%)  
Summer 55 (47%) 9 (36%) 8 (22%)  
Duration (days) * 13 (5-44) 13 (9-41) 16 (12-25) 0.19 
* Data presented as median (IQR), p value from Kruskal-Wallis 
† Presented as proportion (%), p value from Chi-square 
‡ Presented as proportion (%), Fisher‘s Exact 






Before excluding any outbreaks based on food source, there were 405 O157:H7 
outbreaks and 50 non-O157:H7 (Table). After excluding outbreaks with an unknown 
food source, there were 15 non-O157:H7 outbreaks in the derivation set (1 O11:NM, 1 
O121, 2 O145, 8 O157:NM (H-), 2 O26, and 1 O26:H11); 1 non-O157:H7 outbreaks in 
the 2013 validation set (O26); and 2 non-O157:H7 outbreaks in the complex food 
validation set (O121 and O45) (Table 3). 
Table 3: Non-O157:H7 Serotypes by Food Vehicle 
 Beef Dairy Leafy 
1998-2012 Outbreaks     
O157:H7 73 17 21 
Non-O157:H7  1 4 4 
2013 Outbreaks    
O157:H7 2 1 5 
Non-O157:H7 0 0 1 
Complex Food Outbreaks    
O157:H7 7 2 11 
Non-O157:H7  1 0 1 
 
Univariate Analysis 
Table 2 compares outbreak characteristics by food categories. The median 
percentage female was significantly different across food categories. Beef and dairy 
outbreaks both had a median of 50% female, though leafy vegetable outbreaks had a 
higher median percent female, 63%. Age categories were also significantly different. 
Dairy outbreaks had a younger age distribution (25% less than 5 years and 50% 5-19 
years). The highest median percent for beef was 5-19 years, and the highest median 
percent for diary was 20-49 years. The median percent under 5 years was 0 for both beef 
and leafy vegetable outbreaks, but was 25% for dairy outbreaks. The total median cases 
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per outbreak were significantly different. Leafy vegetable outbreaks had the highest 
median ill cases. The largest outbreak was beef (321 cases), though on average dairy and 
leafy vegetable outbreak tended to be larger. Leafy vegetable outbreaks were most likely 
to be multistate (56%), followed by beef outbreaks (31%). Only 12% of dairy outbreaks 
were multistate. Most beef (57%) and dairy (76%) outbreaks occurred in private settings, 
but most leafy vegetable outbreaks (56%) occurred in retail environments. Seasonality 
was significantly different across food categories with most beef outbreaks occurring in 
the summer and most vegetable outbreaks in the fall. Median percentage hospitalized and 
outbreak duration were not significantly different across food categories. 
Temporal Trends 
Table 4 compares trends over three 5-year time periods (1998-2002, 2003-2007, 
and 2008-2012) by the proportion of outbreaks by food, median percent female by food, 
median number ill cases by food, and proportion multistate by food. Figure 3 shows the 
number of outbreaks per food category by year. Overall, there were 52 STEC outbreaks 
reported from 1998-2002; 55 STEC outbreaks from 2003-2007; and 72 outbreaks from 
2008-2012. The number of dairy outbreaks increased significantly over the three 5-year 
time periods, from 3 in 1998-2002 to 18 in 2008-2012 (p = 0.01). Leafy vegetable 
outbreaks also increased from 8 to 18 outbreaks over the same time period that was 
marginally non-significant in X
2
 analysis. None of the predictors were significantly 
different over time in each food category. Multistate outbreaks were marginally different 
for beef outbreaks and produce outbreaks, with both increasing over time (Table 4) 
(Figure 3). 
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Table 4: Temporal Trends in STEC Outbreak Characteristics, 1998-2012 
 1998-2002 2003-2007 2008-2012 P value 
Beef 41 38 39 0.94 
Median % female * 50.0±27.3 50.0±30.0 50.0±26.8 0.81 
Ill Cases * 9.0±50.4 6.0±25.3 7.0±16.8 0.61 
Multistate † 8 (20%) 13 (34%) 16 (41%) 0.10 
Dairy 3 7 18 0.01 
Median % female * 74.5±36.1 33.0±14.1 50.0±26.1 0.25 
Ill cases * 63.0±102.5 4.0±49.1 6.0±10.7 0.62 
Multistate § 0 1 (3%) 2 (5%) - 
Leafy Vegetables 8 10 18 0.10 
Median % female * 0.45±0.50 0.41±0.40 0.61±0.45 0.67 
Ill cases * 17±22.0 18±72.0 22±19.4 0.98 
Multistate ‡ 3 (7%) 5 (13%) 13 (33%) 0.21 
*Data presented as median ± standard deviation (SD) p-value from Kruskal-Wallis 
† Data presented as proportion (%), p value from Chi-square 
‡ Data presented as proportion (%), Fisher‘s Exact 
§ No statistical test performed (sample size) 
 
 
Figure 3: STEC Outbreaks from 1998-2012 in the United States, by Beef, Dairy, and 




Variable Selection. The final prediction model included percent female, age 
categories, number of ill cases, multistate exposure, exposure setting, and season. 
Outbreak duration and percent hospitalized were excluded because data was incomplete 
in more than half of outbreaks. All remaining predictors were included because they 
improved the internal predictive capacity of the model. Due to incomplete data, 59 
outbreaks were dropped from the final model, including 44 beef outbreaks (37%), 4 dairy 
outbreaks (16%), and 11 leafy vegetable outbreaks (31%). 
Overall, the percent female (p=0.04), number of cases (p=0.04), multistate 
exposure (p=0.04), exposure setting (p=0.003), and season (p=0.01) were significantly 
associated with the outcome. Age categories were not significantly associated with the 
outcome.  Multistate exposure, number of cases, and summer season were significantly 
associated with dairy outbreaks relative to beef outbreaks. For outbreaks with multistate 
exposure, the odds of a dairy outbreak were 90% lower compared to beef outbreaks 
(OR=0.11, 95% CI: 0.02-0.85). For every additional ill case, there was a 5% increased in 
the odds of a dairy outbreak compared to a beef outbreak (OR=1.05, 95% CI: 1.01-1.09). 
The odds of a dairy outbreak in summer were 90% lower than in fall, compared to beef 
outbreaks (OR=0.10, 95% CI: 0.02-0.60). Percent female, facility setting, and season 
were significantly associated with leafy vegetable outbreaks relative to beef outbreaks. 
For every 10% increase in the percent female, there was a 42% increase in the odds of a 
leafy vegetable outbreak compared to beef (OR=1.42, 95% CI: 1.02-1.99). The odds of a 
leafy vegetable outbreak in a facility were 63 times higher than a private setting, 
compared to beef (OR=63.3, 95% CI: 4.17-961). The odds of a leafy vegetable outbreak 
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in a retail setting were 44 times higher than a private setting, compared to beef (OR=43.7, 
95% CI: 4.64-412). The odds of a leafy vegetable outbreak in spring were 90% lower 
than in fall, compared to beef  (OR=0.12, 95% CI: 0.02-0.97); 97% lower in summer 
season than fall (OR=0.03, 95% CI: 0.003-0.25); and 96% lower in winter season than 
fall (0.04, 95% CI: 0.003-0.57) (Table 5).  




(reference beef outbreaks) 
Leafy Vegetable Outbreaks 
(reference beef outbreaks) 
Predictor OR (95% CI) P value OR (95% CI) P value 
% Female * 0.82 (0.63-1.06) 0.14 1.42 (1.02-1.99) 0.04 
Age (years) *     
< 5  0.90 (0.12-6.78) 0.92 0.18 (0.01-2.61) 0.21 
5-19 0.65 (0.09-4.89) 0.68 0.27 (0.02-3.69) 0.33 
20-49  0.59 (0.05-4.61) 0.61 0.33 (0.02-4.49) .40 
> 50  0.54 (0.07-4.2) 0.55 0.27 (0.02-3.74) 0.33 
Cases 1.05 (1.01-1.09) 0.01 1.03 (0.99-1.06) 0.01 
Multistate Exposure 0.11 (0.02-0.85) 0.03 3.34 (0.58-19.3) 0.18 
Exposure Setting     
Private 4.64 (0.46,46.4) 0.19 0.023 (0.002, 
0.216) 
0.001 
Facility  0.10 (0.0-3.18) 0.71 63.3 (4.17-961) 0.72 
Retail 1.0  1.0  
Season      
Fall 1.0  1.0  
Spring 0.37 (0.06-2.36) 0.29 0.12 (0.02-0.97) 0.05 
Summer 0.10 (0.02-0.60) 0.01 0.03 (0.0-0.25) 0.002 
Winter 0.20 (0.02-2.28) 0.20 0.04 (0.0-0.57) 0.02 
* Covariates presented by increments of 10%    
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Internal Validation. When applied internally to the derivation set, the prediction 
model identified 95 outbreaks correctly (79%). Based on the confusion matrix, the 
sensitivity and specificity was 88% and 65%for beef outbreaks, 48% and 94% for dairy 
outbreaks, and 82% and 97% for leafy vegetable, respectively (Table 6). When beef 
outbreaks were misclassified, they were most likely to be predicted leafy greens; dairy 
outbreaks were more often classified as beef outbreaks than dairy; and leafy vegetable 
outbreaks were most likely to be misclassified as beef outbreaks (Figure 4a).  




Internal 2013 Complex 
Beef Dairy Leafy Total Beef Dairy Leafy Total Beef Dairy Leafy Total 
Beef 65 11 5 81 1 0 3 4 5 2 5 12 
Dairy 6 10 0 16 0 1 0 1 1 0 0 1 
Leafy  3 0 20 23 1 0 3 4 2 0 7 9 
Total 74 21 25 120 2 1 6 9 8 2 12 22 
Sensitivity 0.88 0.48 0.80  0.50 1.00 0.50  0.63 0.00 0.58  
Specificity 0.65 0.94 0.97  0.57 1.00 0.67  0.50 0.95 0.80  
 
Figures 5a shows the percentage of outbreaks with the highest predicted 
probability (classified correctly), second highest predicted probability (the outbreak was 
misclassified, but the second highest predicted probability was the correct food), and the 
lowest predicted probability. For beef outbreaks, there were 9 misclassified outbreaks 
(14%), and the predicted probability was second highest for all of them. 11 of these had 
the second highest predicted probability, and 1 had the lowest predicted probability. 11 
dairy outbreaks were misclassified (52%). 10 had the second highest probability, and one 
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had the lowest probability. 5 leafy vegetable outbreaks were misclassified (20%), with 4 
having the second highest probability, and one had the lowest probability (Figure 5a). 
 














Figure 5a: Percentage of Outbreaks Correctly Predicted by the First, Second, 
and Third Highest Probability Score for the Derivation Set 
 
Figure 5b: Percentage of Outbreaks Correctly Predicted by the First, Second, and 
Third Highest Probability Score for the 2013 Validation Set 
 
Figure 5c: Percentage of Outbreaks Correctly Predicted by the First, Second, and 




Figure 6 is a visual representation of predicted probabilities of the three food 
outcomes as a function of actual outcomes (red=beef, blue=dairy, green=leafy 
vegetables). In beef outbreaks, the red dots cluster at the top corner; in dairy outbreaks, 
the blue dots cluster between beef and dairy outbreaks; and in leafy vegetable outbreaks, 
the green dots cluster to the left corner (Figure 6a). For the prediction model without 
setting, there is a similar pattern, with dairy and leafy vegetable outbreaks more dispersed 
(Figure 7a). 
External Validation with 2013 Outbreaks. The model was applied to 2013 
outbreak data (14 outbreaks). The distribution of outbreaks by food in 2013 differed from 
the the average distribution from 1998-2012. In 2013, there were 2 beef outbreaks (14%), 
2 dairy outbreaks (14%), and 10 leafy green outbreaks (72%). Of the 14 outbreaks, there 
were 5 that had incomplete data and were dropped from the full predictive model (with 
setting), and there was 1 outbreak dropped from the predictive model without setting.  
The full model correctly predicted 1 beef outbreak, 1 dairy outbreak, and 3 leafy 
green outbreaks. The incorrectly classified leafy green outbreaks were all predicted as 
beef, and the incorrectly classified beef outbreak was predicted as a leafy green outbreak. 
Figure 4b shows the beef outbreaks were predicted equally as beef and leafy vegetable. 
Leafy green outbreaks were misclassified as both beef and dairy (Figure 4b). All 
misclassified outbreaks were correctly identified by the second highest predicted 
probability (Figure 5b). Figures 6b and 8b show how predicted probabilities were 
distributed for each outbreak. 
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Figure 6a: Predicted Probabilities of Beef, Dairy, and Leafy Vegetable Outbreaks 
as a Function of Actual Outbreaks in the Derivation Set 
 
 
Figure 6b: Predicted Probabilities of Beef, Dairy, and Leafy Vegetable Outbreaks 
as a Function of Actual Outbreaks in the 2013 Validation Set 
 
 
Figure 6c: Predicted Probabilities of Beef, Dairy, and Leafy Vegetable Outbreaks as 









Figure 7a: Plots of Predicted Probabilities for each Outbreak in 2013 Validation Set 
The set of predicted probabilities for each outbreak are plotted, grouped by actual 
outbreak: beef (red), dairy (blue), and leafy vegetables (green).  
 




External Validation with Complex Food Outbreaks. In the complex food 
validation set, 13 outbreaks were classified as likely beef; 2 outbreaks were classified as 
likely dairy; and 18 outbreaks were classified as likely leafy vegetables. Eight outbreaks 
were excluded due to incomplete predictors, leaving 9 beef outbreaks, 2 dairy outbreaks, 
and 14 leafy green outbreaks. Five beef outbreaks were correctly predicted (sensitivity 
56%, specificity 63%). One dairy outbreak was correctly predicted (sensitivity 50%, 
specificity 91%). Nine leafy green outbreaks were correctly predicted (sensitivity 64%, 
specificity 82%) (Table 6). Figure 4c shows the average predicted probability of beef was 
highest for beef outbreaks. The average predicted probability was highest for beef in both 
dairy and leafy green outbreaks. When outbreaks were misclassified, the model‘s second 
choice correctly identified the outbreak in 90% of predictions (Figure 5c).  
Missing Data 
 Candidate predictors with incomplete data included gender, age, hospitalized, 
setting, and illness duration. There were 27 total outbreaks missing gender data; 40 
outbreaks missing age data; 28 outbreaks missing hospitalization data; and 74 outbreaks 
missing duration data. Twenty-six outbreaks were missing both age and gender data. 
Eight outbreaks were missing age, gender, and exposure setting. By including age, 
gender, and exposure setting in the final prediction model, 59 outbreaks were excluded. 
In the final model, 37% of beef outbreaks were excluded (44 outbreaks); 16% of dairy 
outbreaks were excluded (4 outbreaks); and 31% of leafy vegetable outbreaks were 
excluded (11 outbreaks). The proportion missing decreased significantly over the five-
year time intervals for gender, age, outbreak duration, and percent hospitalized. The 
proportion missing for exposure setting did not change over time.  
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Discussion 
Interpretation of Results 
In this study, STEC outbreaks from 1998-2012 were used to demonstrate that 
demographic and outbreak characteristics differ across food sources. Additionally, it was 
shown that these characteristics could be used to build a food source prediction model for 
use during an outbreak investigation. The results demonstrate that STEC outbreaks with 
beef, dairy, and leafy green food vehicles have distinct case and outbreaks characteristics 
that can be used to inform the probability of a food source in an STEC outbreak 
investigation. Gender, age categories, number ill cases, multistate exposure, exposure 
setting, and season were all univariately different across food categories.      
 The final prediction model included percent female, age categories, number ill 
cases, multistate exposure, exposure setting, and season. The prediction model correctly 
classified 56% of outbreaks in the 2013 validations set and 55% of outbreaks in the 
complex food validations set, compared to 79% in the derivation set. However, due to 
small sample size and different food source distributions, conclusions about the validity 
of the model applied to 2013 data should be modest. The 2013 validation dataset only 
contained 14 STEC outbreaks. Moreover these outbreaks had a different food source 
distribution than the derivation set (22% beef outbreaks, 11% dairy outbreaks, and 67% 
leafy outbreaks in 2013; 36% beef, 9% dairy, and 55% leafy in complex foods; compared 
to 62%, 18%, and 21%, respectively in the derivation dataset). The number of beef 
outbreaks has declined over time, while the number of leafy vegetable outbreaks has 
increased. Although outbreak characteristics have remained constant by food source over 
time, more recent data would be more consistent with 2013 observed food distributions. 
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Despite misclassification by food source in the 2013 dataset and complex food datasets, 
the second-highest probability was always the correct classification. These validation 
results indicate that the prediction rule could be used most effectively as a rule-out 
method during an outbreak investigation.  
Using as a Public Health Tool 
Here we presented results descriptively, univariately, and as a prediction rule. 
Each level of analysis contains information that investigators will find useful during an 
outbreak investigation. In the early stages of an outbreak, the basic descriptive profile 
may be used even if data are only available for a limited number of variables. For 
example, if an outbreak was mostly young adults, with fewer or no children under 5, and 
occurred in the summer, beef may be highly suspected. Conversely, investigators may 
suspect leafy vegetables if the outbreak is mostly female, middle-aged, and occurred in 
the fall.   
Univariate comparisons support some common assumptions about the link 
between demographic characteristic and certain food sources and challenge others. A 
common assumption is that women eat more fruits and vegetables and men eat more 
undercooked ground beef
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. In STEC outbreaks, there were a higher median percentage 
of women in leafy vegetable outbreaks, however the median percentage of men and 
women was equal in ground beef outbreaks. This supports our objective that assumptions 
should not be made without data-driven evidence and that the demographics of other 
food-pathogen pairs should be described. 
One of the most important functions of outbreak investigations is that they 
identify novel pathogens, food sources, and food-pathogens pairs that have not been 
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previously identified as sources of illness. However, the prediction rule of this study 
focuses on known sources of STEC illness. The comparison between the data presented 
here and future outbreaks may illuminate differences that could flag a food vehicle as 
novel. Here, we have described the average profile of STEC beef, dairy and leafy 
vegetable outbreaks. Outbreaks that deviate from these average characteristics may 
indicate a novel food-pathogen contamination.  
Public health professionals can use the prediction rule developed from the 
multivariable model to aid foodborne outbreak investigation, specifically at the point of 
food hypothesis-generation after non-foodborne routes of transmission have been ruled 
out. The investigator would enter information about the outbreak into an online tool. As 
currently designed, the model will only run if data on all predictors are entered. For 
STEC outbreaks, the investigator would enter percent female, percent in each age 
category, number of ill cases, percent hospitalized, multistate exposure, exposure setting, 
and season. The online tool would then output a predicted probability of an STEC 
outbreak being beef, dairy, or leafy vegetables. The predicted probability would help 
direct hypothesis generation, or give additional evidence for existing hypotheses. As the 
investigation progresses, additional information about cases could be re-entered into the 
tool. 
Limitations 
Limitations of this Study. The validity of this study is limited by the quality of the 
data contained in the derivation and validation sets and the methods used to develop the 
prediction rule. The data used in this study were from eFORS and NORS, outbreak 
surveillance systems used to monitor trends in foodborne outbreaks. This data is not 
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collected for research purposes, and therefore has inconsistencies that may have 
introduced biases in the analysis. There was a high proportion of incomplete data in the 
predictors of interest, which led to outbreaks being dropped from model derivation. In 
restricting derivation to outbreaks with complete data, the model was developed with a 
biased sample. It is likely that in the field, many outbreaks have incomplete data.  
 The sample size of the 2013 outbreak validation set and the accuracy of 
classification in the complex outbreak validation set could affect the external validity of 
the prediction rule. Typically, a prediction model is applied to an external dataset that has 
similar characteristics to the derivation set but is derived from a distinct population. Since 
eFORS and NORS represent the population of reported outbreaks in the United States, 
identifying validation sets was challenging. Both 2013 outbreaks and complex food 
outbreaks had greater percentage leafy vegetable outbreaks than beef outbreaks, which 
was the inverse from the derivation set. This may explain some of the lower sensitivity 
and specificity observed when the model was applied to these datasets. The 2013 data 
indicates the trend of an increase in leafy vegetable outbreaks and decrease in beef 
outbreaks, due to better surveillance for detection of non-traditionally risky foods and 
better regulations for beef.  
 In model derivation, outbreaks were not weighted by individual cases. In this 
analysis, only outbreak-level data was available. All individual variables (gender, age, 
and hospitalization) were aggregated at the outbreak level. Based on the CDC definition, 
an outbreak can be only two cases. By using an un-weighted approach, we allowed 
outbreaks with two cases contributed the same variability as a much larger outbreak.   
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Limitations of a Public Health Tool. The purpose of this study was to demonstrate 
that prior outbreak data could be used to predict food vehicles. Translating a prediction 
rule developed from historical eFORS and NORS data has limitations in the field, 
however, as optimal predictors are not necessarily realistic in practice.  
For this analysis, we included all predictors that improved predictive value for the 
model, and we used data from finalized, historical investigations. However, the data 
available for prediction at the end of an outbreak differs from information available at the 
beginning of an outbreak. Some predictors are unlikely to be available at all at the start of 
an outbreak, while others may change over the course of an investigation. Exposure 
setting is a factor that is often determined by the investigation and is therefore unlikely to 
be available at the time this tool would be used. Other predictors are subject to change 
over the investigation. For example, the number of ill cases may increase. At the start of 
an outbreak, cases are more likely to be identified if they sought medical attention. This 
population differs demographically from cases that would be identified by ascertainment 
and did not initially seek medical care for foodborne illness. Therefore, values for 
predictors may be skewed at the start of an outbreak and may not be representative of the 
total number of cases in an outbreak, which was what we used to derive the model.  
We had limited exclusion criteria in this study to maintain sample sizes for each 
food source. However, certain outbreak types have such definitive characteristics that 
they may have biased the prediction rule. For example, prison outbreaks are typically all 
female or male, no children, and limited food consumption options. Unpasteurized dairy 
outbreaks may have a very different profile than pasteurized dairy outbreaks. All STEC 
serotypes were included in this analysis, however foods associated with non-O157:H7 
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serotypes differ from O157:H7 serotype, and it is not certain how other serotypes would 
have affected prediction. 
 In this study, only three food source categories were used in analysis. Uncommon 
foods associated with STEC outbreaks were excluded. Given that the tool is focused on 
the three major food vehicles in STEC outbreaks, the utility is questionable for other 
possible food vehicles or for novel food vehicles. Whether a food was one of the major 
STEC food sources or a rarer food source would be unknown at the beginning of an 
outbreak, and this tool could lead an investigation toward an incorrect hypothesis. 
Alternative methods could incorporate descriptive analyses of rare foods. Or, plots of 
predictive characteristics for each outbreak could be used to compare the likelihood that 
an outbreak falls into a pre-defined category.  
Future Directions 
 There are many future directions for the application of the research. Major areas 
are to prospectively validate the existing STEC tool; address methodological concerns 
with adaptation of this prediction rule into an applied tool; and expand research to other 
major pathogens.  
 The STEC prediction rule will be prospectively validated by testing the tool 
during ongoing outbreak investigations and by applying the tool to updated NORS data. 
The tool will be applied during ongoing investigations to determine if the predictive 
value differs at stages of an outbreak investigation. This will also be an opportunity for 
investigators to provide feedback about the utility and usability of such a tool. The model 
will also be validated using more recent outbreak data from NORS, as it becomes 
available.  
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 The limitations of this study indicate alternative methodological approaches. 
Model derivation could be limited only to more recent outbreaks. Excluding distinct 
outbreaks, such as raw milk outbreaks or facility outbreaks, could improve validity. 
Alternative methods for food categorization, or methods to incorporate rare or novel food 
sources, could be considered. There are many prediction rule methods, including decision 
trees, which could be appropriate. A more accurate and applicable rule could be 
developed by using forward model selection to include predictors based on what would 
be known at the beginning of an outbreak, or which predictors were most important to 
prediction. Imputation of missing data should be considered. Model weighting based on 
the number of cases in an outbreak could also improve precision of the predictors.  
 We plan on applying the methods here to other major foodborne pathogens, 
including Salmonella, modified based on what has been learned here as well as what is 
appropriate to the specific pathogen.  
 In conclusion, this study provides evidence for the feasibility of using prior case 
and outbreak characteristics to predict food sources in foodborne outbreak investigations. 
This study is novel in its field and has identified many opportunities for modifying this 
research and applying alternative methods. Translation of data-driven research into field-
based application is always challenging. This study identified challenges to applying 
epidemiological tools to foodborne illness, given the uniqueness of every outbreak and 
how outbreak investigations evolve. The complexity of the global food industry and 
modern challenges to food safety mean that outbreak investigations are increasingly 
important to identifying sources of foodborne illness. To combat these challenges, 
 48 
analytical, data-driven tools are essential to efficient outbreak investigations and to 





 Foodborne illness is a major public health challenge, and outbreak investigations 
are an integral component to identifying pathogens, foods, and food-pathogen pairs that 
cause illness. Outbreak findings directly impact food safety regulations, policies, and 
practice in the longer term, but this requires identification of a food source. Efficiency, 
timeliness, and experience are crucial components of a successful outbreak investigation 
that identifies the food source causing illness.  
Most investigations are conducted at local health departments, where resources 
are minimal or unavailable. Additionally, foodborne outbreaks are common, but local 
departments may not regularly investigate. Without experienced investigators with 
extensive prior outbreak knowledge, identifying food sources is difficult and may not 
occur. By systematically using prior outbreak knowledge in training and accessible tools, 
health departments would be more likely to investigate and conduct epidemiological 
studies to identify food sources.  
 The prediction rule presented in this study is a tool that bridges the gap between 
anecdotal prior knowledge and analytical methods incorporating historical outbreak data. 
This study has shown that past Shiga toxin-producing Escherichia coli (STEC) outbreaks 
reported to CDC from 1998-2012 can be used to develop a predictive model and apply to 
2013 and complex food outbreaks to rule-out food sources. The purpose of this study was 
to demonstrate the feasibility of using historical outbreak data to develop tools to 
improve outbreak efficiency. While there are limitations to the application of this 
prediction rule in the field, using a systematic, data-driven approach is a vast 
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improvement to anecdotal generalizations. In addition to demonstrating feasibility, this 
study has outlined a plan for overcoming methodological obstacles in using surveillance 
outbreak data and to applying a predictive tool during an ongoing outbreak investigation.  
 Every outbreak has singular characteristics, much like every individual is unique. 
This is always a challenge in population-based social sciences and epidemiology, where 
averages are used to infer unknown characteristics in an individual. Prediction rules, used 
frequently in clinical science, are used in conjunction with methods tailored to an 
individual (e.g., consultation and laboratory tests). Likewise, a prediction rule in 
foodborne outbreak investigation should be used in conjunction with other existing 
methods, such as laboratory testing and case interviews, which are tailored to the 
specifications of the ‗individual‘ outbreak. In this study, we opted to minimize exclusion 
criteria so that a final rule could be generalized to the population of all STEC foodborne 
outbreaks. However, we recognize that the characteristics of every outbreak are unique, 
and that there are many outbreak types. For example, we did not differentiate between 
localized and dispersed outbreaks. But the purpose of this prediction rule, much like other 
prediction rules in clinical sciences, is not to provide a definitive food source or 
diagnosis, but rather to narrow possibilities. By including diverse outbreaks in the 
derivation of the model, this prediction rule can also justifiably be broadly applied. While 
there is a case to be made for a more specific, customized prediction rule, this rule is 
valuable precisely because it is generalizable.  
 This analysis demonstrates the value and importance of prediction as well as the 
differences between predictive models and etiologic models. Epidemiologic studies are 
typically designed to find causal associations. In foodborne outbreak epidemiologic 
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studies, the goal of the study is etiologic—what food caused illness? This is determined 
by odds ratios and statistical significance. However, explaining and predicting are two 
distinct goals that require, if not completely different statistical methods, then distinct 
design and inference. Variable selection in predictive modeling is based on predictive 
accuracy, not statistical significance. In fact, a good predictor can be a non-significant 
explanatory variable, or vice-versa. In this analysis, we observed that age categories were 
statistically non-significant in the model; however, including them greatly improved 
predictive accuracy. In epidemiology, we are trained primarily to make conclusions based 
on measures of association, such as odds ratios. However, the perspective changes when 
the goal is prediction. Here, we use predictors that may or may not be causally related to 
the outcome, but that are related to prediction of the outcome.  
 The next steps for applying these findings are to share with stakeholders at the 
Centers for Disease Control and Prevention (CDC), Colorado Department of Public 
Health and Environment (CDPHE), and the Integrated Food Safety Centers of 
Excellence. The mission of the Colorado Integrated Food Safety Center of Excellence is 
to identify best practices for foodborne outbreak investigation and to disseminate results 
to local and national public health authorities. This study was initially born out of 
discussions with outbreak investigators about the lack of data indicating whether case 
demographics are associated with the food source. We identified a need to perform 
evidence-based research, and in consultation with epidemiologists at CDPHE developed 
a tool to be used during hypothesis-generation in a foodborne outbreak investigation. Our 
next steps are to refine the tool such that it can be used at various stages of an outbreak 
and with limited predictors. We will develop a similar prediction rule for other major 
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pathogens. We will then develop a web-based application and share with CDPHE. 
CDPHE will pilot the tool during ongoing investigations and provide feedback about its 
accuracy and usability. After continued validation, we will disseminate our findings to 
the other Centers of Excellence as well as regional local health departments. 
 The goal of this research is to improve capacity and promote best practices in 
foodborne outbreak investigations. Limited resources necessitate novel approaches to 
improving investigations, and prediction methods are one way to improve research and 
investigation efficiency, using the data we already have. This study demonstrates how to 
use existing data to develop accessible tools for investigators and exemplifies using 
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